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Abstract—The performance of an active sonar depends on
the transmitted waveforms. Hyperbolic frequency modulated
waveforms (HFM) are commonly used to obtain sonar contacts
with high resolution for Time Differences of Arrival (TDoA)
measurements. The signal to noise ratio of HFM matched filters
is not significantly affected by the range-rate of a target. But a
Doppler-shift in target echoes results in a shift of the TDoA.
By transmitting two different HFM waveforms, one with a
positive, the other with a negative frequency gradient, and by
association of the generated contacts the different range shifts
can be used to get an adequate Doppler estimation and increase
the TDoA accuracy. However in noisy and fading channels, this
semi-coherent data fusion suffers from false associations and
can lead in multi-target scenarios or scenarios with many false
contacts to a decreasing tracking performance. In this paper we
analyze the impact of the false association on the tracking result
in multistatic scenarios by utilizing the tracking performance
metrics established in the Multistatic Tracking Working Group
(MSTWG).

I. INTRODUCTION

In undersea surveillance, active sonar systems with hy-
drophone arrays are used for detection and tracking of potential
targets. Due to the nature of the underwater channel the
received waveforms contain a high number of reflections,
which are not created by a target. These reflections can be
generated by high-level target like events, so-called clutter,
caused through multipath scattering of the transmitted sound
wave or possible non-target objects. Moreover the waveforms
are affected by a transmission loss, Doppler spreading and
noise (e.g. from biologic sources, the sea state or ships). In
fact, an underwater channel can be modelled as a variable and
fading channel. Signal processing techniques for hydrophone
arrays are able to detect the reflections and convert them to
contacts which commonly include Time Differences of Arrival
(TDoA), bearing and Doppler measurements for each reflec-
tion. The main steps in the signal processing are commonly
a beamformer which forms directional signals from the raw
hydrophone signals, a matched filter for increasing the signal
to noise ratio (SNR) and a normalizer. Based on the normalized
data contacts are generated e.g. with a Constant False Alarm
Rate (CFAR) detector [1]. The properties of the underwater
channel listed above affect the signal processing performance,
in particular the SNR of the matched filter output.

The accuracy of the measurements depends on the type of
the transmitted waveforms. Continuous waveform (CW) pulses
are Doppler sensitive and provide a good Doppler estimation
but poor TDoA estimation. In comparison to that frequency
modulated (FM) pulses are rather Doppler insensitive and
are used to obtain sonar contacts with high resolution for
TDoA measurements without an estimation for the Doppler.
Especially hyperbolic frequency modulated (HFM) pulses [2],
[3] are maximally insensitive to a constant range-rate with
the result that the SNR of the HFM matched filter is not
significantly affected by the range-rate of a target.
This work concentrates on the fusion techniques of two HFM
waveforms, one with a positive frequency gradient (HFM+),
the other with a negative frequency gradient (HFM-). It can be
shown, that the contribution of the Doppler in HFM waveforms
translates into a time-delay of the TDoA [4]. This property is
referred to as the optimal modulation (or Doppler invariance)
law [2], [3]. It can also be shown, that the fusion of a HFM- and
HFM+ contact in a contact fusion step leads to contacts,
which are highly accurate in range and have an adequate
Doppler measurement [5]. This requires that the association
of HFM- and HFM+ contacts is correct. Due to the fading
properties of the underwater sound channel and resulting low
SNR the association of HFM+ and HFM- contacts is not trivial
and false associations can occur when either the up or the down
part of a targets reflection is missing.
We analyze in this paper how false associations within the
HFM fusion affect the tracking performance. For this purpose
three fusion architectures are compared and it will be shown
that all techniques suffer from loss of coherence in the signal
form. In particular we use a contact fusion (fusion after pre-
diction (FAP)), a track to track fusion (T2TF) and a sequential
update (SUP). These techniques would apply also for other
semi-coherent signal processing chains.
The tracking step is applied with a probability hypothesis
density (PHD) filter [6] in Gaussian mixture implementation
(Gaussian mixture PHD (GMPHD) [7]). The GMPHD filter
is a capable multitarget tracking filter based on the Bayes
recursion for estimating multiple target states with a varying
number of targets. A multisensor solution for the PHD filter
which includes a successive update has been developed in
[8]. We assume that HFM+ and HFM- signal channels are



independent, hence we treat HFM+ and HFM- contacts as if
they were coming from two different receivers.
For comparability with other works we make use of the
multistatic sonar simulator [9] of the University of Connecticut
and perform Monte Carlo simulations for three scenarios.
First, we analyze the impact of the loss of the coherence
in the signal form in a baseline scenario, then we use the
scenario 1 simulated by the multistatic simulator as described
in [10] for comparing the fusion techniques on a more realistic
scenario and finally we use a multitarget scenario based on
the Switching Targets Scenario in [10]. We use track metrics
[11], developed by the Multistatic Tracking Working Group
(MSTWG), to compare the three fusion techniques and further
analyse.
The paper is structured as follows: Section II introduces
HFM waveforms and defines the loss of coherence for this
paper, Section III summarizes the tracking idea and fusion
techniques used in this paper, Section IV shows details about
the implementation, Section V shows the simulation setups and
results. A conclusion and an outlook is given in Section VI.

II. WAVEFORM DETAILS

A. HFM Waveforms

Defining the transmitted signal s (t) as a chirp signal

s (t) = Re

{

a (t) · exp

[

j
2π

b
ln (1 + bf1t)

]

}

, 0 ≤ t ≤ T (1)

where b = (f1 − f2) / (f1f2T ), T denotes the pulse
duration of the chirp, f1 and f2 denote the start and end
frequency of the HFM waveform, respectively, and a (t) is the
amplitude of the signal which is here treated as a rectangular
envelope, it can be shown, that the time delay generated by
the velocity υ of the target is

τυ =
1− 1

α

bf1
=

2υf2T

cα (f2 − f1)
, (2)

with the sound propagation speed c and the wideband
compression factor α = 1− 2·υ

c
. For details about the properties

of HFM waveforms and the derivation of (2) the reader is
referred to [4], [12].
The transmitted frequency goes from f1 = fs (0) to f2 =
fs (T ) in a hyperbolic manner. The values of f1 and f2 define
the type of the sweep. Obviously, the HFM sweep increases
with f1 < f2 and is called an up-sweep (upscript +). If
f2 < f1, it is a down-sweep (upscript −). The bandwidth of the
signal can generally be defined as B = |f2 − f1|. The optimal
modulation property of HFM waveforms can be derived from
the consideration of a collected wideband reflection at the
receiver. Fundamental for this property is a constant velocity
of the target within the pulse length.

B. Loss of Coherence in the Signal Form

The fusion of HFM+ and HFM- contacts lead to contacts
which have an adequate Doppler measurement. Due to the
nature of the underwater channel it is not guaranteed, that
echoes of both sub-pulses, the HFM+ and HFM-, are received
which is required for a successful contact fusion. In fact,
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Fig. 1: Schematic input of the CFAR detector. τ
+ and τ

− denote
the TDoA of HFM+ and HFM- . The loss of coherence in receiving
HFM+ and HFM- signals is shown by reflections whose SNR lay
below the CFAR threshold.

the fading or multipath properties of the channel as well as
frequency dependent noise may cause suppression (or even
cancellation) and masking (due to the noise) of one or both
signal types. In this paper we assume a CFAR detector at the
end of the signal processing chains. Fig. 1 shows the schematic
input of the CFAR detector, in particular four cases which
occur when receiving HFM+ and HFM- pulses. Notice that no
contact for HFM+ will be generated in Fig. 1b or 1d and no
contact for HFM- will be generated in Fig. 1c or 1d.
We use the term ”loss of coherence” to refer to the cases,
where only one of the two sub-pulses is received.

III. TRACKING AND FUSION TECHNIQUES

Tracking in general is used for detection and localization
of targets of interest. By a sequential estimation of the states
of these targets from measurements, information e.g. about
position or velocity are extracted. Notice that the use of
Doppler information often leads to increasing tracking per-
formance especially in multitarget scenarios and in scenarios
with fast moving targets. In this work we combine information
from HFM+ and HFM- waveforms sent out from the same
transmitter. For simplicity we assume that both waveforms
are sent out at the same time, although both can also be
transmitted sequentially. The benefit of this data fusion is a
Doppler estimation which can be used in the estimation of
the targets velocity. In the following the GMPHD filter as
well as the fusion techniques used in this paper are shortly
summarized.

A. GMPHD Filter

The PHD filter is a recursive filter derived from the Bayes
recursion that propagates the posterior intensity as a first-order
statistical moment of the posterior multitarget state, which is
modeled as a Random Finite Set (RFS). In the prediction step,



the posterior intensity Dk−1 from time k is used for a predicted
intensity Dk|k−1

Dk|k−1(x) =

∫

pS,k(ζ)fk|k−1(x|ζ)Dk−1(ζ)dζ+γk (x) , (3)

where pS,k is the probability that a target survives,
fk|k−1 (x|ζ) is the single target transition function with a given
previous state ζ and γk (x) is the birth intensity. Afterwards
the intensity is updated to a posteriori intensity Dk (x):

Dk (x) = [1− pD,k (x)]Dk|k−1 (x)

+
∑

z∈Zk

pD,k (x) gk (z|x)Dk|k−1 (x)

κk (z) +
∫

pD,k (ξ) gk (z|ξ) υk|k−1 (ξ) dξ

= [1− pD,k (x)]Dk|k−1 (x) +Dk|k−1 (x, Zk) (4)

where pD,k (x) is the probability of detection, gk (z|x) is
the likelihood of the measurement, κk (z) is the intensity of
the clutter and Zk denotes a set of measurements within the
observations space F (Z): Zk = {zk,1, . . . , zk,Mk

} ∈ F (Z).
Note that a measurement zk is often formulated as a mea-
surement vector which consists several elements like position,
velocity or the SNR of the target (see Subsection III-B).
Under assumptions of linear white Gaussian noise which
is usually sufficient for the most tracking approaches, the
intensity is approximated as a sum of Gaussian mixtures what
leads to the GMPHD filter. This approximation includes certain
assumptions on the birth, death and detection of targets. By
this propagation of the intensity the filter provides a prediction
on the number of targets within the field of view (FoV).
The GMPHD filter suffers from computation problems asso-
ciated with the increasing number of Gaussian components
in the intensity. Therefore management procedures for prun-
ing and merging of Gaussian components are necessary. For
more details about the calculation of the intensities and the
management procedures the reader is referred to [7]. Another
option to mitigate the computation problems is to expand
the measurement vector e.g. with a Doppler measurement
of the contact. With this approach the number of Gaussian
components which are propagated in the update step will
decrease due to a more stringent condition for the update. In
this paper each Gaussian mixture N (x;mk, Pk) is defined by

the state vector mk = [px, py, ṗx, ṗy]
T

and the corresponding
covariance matrix Pk.

B. Measurement Model

As input to the data fusion and tracking steps the mea-
surement vector contains information about the sonar con-
tacts. In this paper we distinguish between two types of

measurement vectors, noted as zFM±
k = (τk, ϕk)

T
and

zFM×
k = (τk, ϕk, ṙk)

T
, where τk is the bistatic TDoA, ϕk

is the Azimuth angle of the contact to the receiver and ṙk
is the estimated range rate and the upscript ± denotes that
a contact is generated by a single HFM reflection and the
upscript × denotes that a contact is generated by the fusion
of both HFM+ and HFM- contacts. The three parameters
can be derived from the bistatic geometry as followed. Let

qk = (qxk , q
y
k , q̇

x
k , q̇

y
k)

T
be the position and the velocity of the

target and sk = (sxk, s
y
k, ṡ

x
k, ṡ

y
k)

T
and ok = (oxk, o

y
k, ȯ

x
k, ȯ

y
k)

T

be the position and the velocity of source respectively receiver
at time k. Then the measurement vector zFM×

k contains

τk =
|qk − sk|+ |qk − ok|

c
(5)

ϕk = arctan

(

qyk − oyk
qxk − oxk

)

ṙk =
δτk
δk
c,

where | · · · | denotes the Euclidean norm.
Obviously, the contacts extracted from a single HFM pulse
do not contain a range rate measurement, while the fusion of
two contacts contain an estimation of the range rate. Which
measurement vector is used as input for the tracking step
depends on the type of the applied fusion scheme. The fusion
schemes used in this paper are shortly summarized in the next
subsections.

C. Sequential Update

Possible ways for extending the PHD filter for multiple
sensors were discussed in [8], [13]–[15]. In this work the
iterative corrector approach [8, p. 594] is used for sequentially
updating the PHD filter.
Assuming two sets of measurements Z+

k and Z−
k which

contain contacts extracted from the HFM+ and HFM- pulse,
respectively, the update step of the PHD filter now includes
two steps: First

D+
k (x) =

[

1− p+D,k (x)
]

Dk|k−1 (x)+Dk|k−1

(

x, Z+
k

)

, (6)

the update with the set Z+
k , secondly

D±
k (x) =

[

1− p−D,k (x)
]

D+
k (x) +D+

k

(

x, Z−
k

)

, (7)

the update with the set Z−
k . Note that changing the order of

the two updates can lead to different results if the probability
of detection of the receivers is significantly different [16].
A schematic explanation of the SUP within the tracking step
is shown in Fig. 2a.

D. Track to Track Fusion

In T2TF the tracks extracted by the track management after
the PHD filter are given to a central fusion center. This scheme
is known as the Type II configuration without memory and no
feedback [17, p. 555]. A schematic explanation of the T2TF
is shown in Fig. 2b. When applying T2TF in this work, two
parallel GMPHD filters are used for extracting tracks on the
basis of the sets Z+

k and Z−
k . The T2TF is then applied with the

use of cross-covariances [18], [19] of these extracted tracks.
Two tracks are fused to one, if the statistical distance (including
the cross-covariances) of the tracks is lower than a certain
threshold. Tracks which cannot be associated to another one
are not considered.



E. Fusion after Prediction

In the FAP advantage is taken of the information in the
predicted states of the intensity in particular of the predicted
velocity. After the prediction of the PHD filter an association
step identifies pairs of HFM+ and HFM- contacts, which most
likely fit to an already predicted state.
We assume one sensor which receives sets of contacts Z+

k =
{z+k,0, . . . , z

+

k,M
+

k

} and Z−
k = {z−k,0, . . . , z

−
k,M

−

k

}, where the

index i = 0 denotes a so-called dummy contact which is
introduced to include the case when a target is not detected by
a sensor. Considering a pair of contacts denoted by the indices
{i+, i−}, then the likelihood that these contacts originated
from a target at the predicted position xk|k−1 is [17, p.687],
[20]:

L
(

Zi+i− |xk|k−1

)

= (8)
∏

s∈{+,−}

[

P s
Dp
(

Zis |xk|k−1

)]u(is)
· (1− P s

D)
(1−u(is))

where

u(is) =
{ 1 if is 6= 0

0 if is = 0.
(9)

The likelihood that the measurements {i+, i−} only contain
false measurements (denoted by x0) is

L (Zi+i− |x0) =
S
∏

s=1

(pfa (x))
u(is)

, (10)

where pfa (x) = 1/ψ is the probability density function
(pdf) of the false alarms, which is modeled as uniform in the
FoV of the sensor and ψ is the area of the FoV. The costs
of associating the pair to the predicted state is given by the
negative generalized log-likelihood ratio (NGLLR)

ci+,i− = − ln

[

L
(

Zi+i− |xk|k−1

)

L (Zi+i− |x0)

]

, (11)

and a pair which represents a target would have a negative
cost ci+,i− < 0. These pairs are fused to zFM×

k contacts with

τ×k =
τk,i+ + τk,i−

2
(12)

ϕ×
k =

ϕk,i+ + ϕk,i−

2
(13)

and derived from (2)

ˆ̇r× =
τ+ṙ c

(

f+
2 − f+

1

)

2f+
2 T + 2τ+ṙ

(

f+
2 − f+

1

) , (14)

where τ+ṙ = τ×k − τ+k .
Contacts that have not been fused are not considered in the
update step and only used for initialization of new components
in the intensity. Contacts which have a negative cost through
association with a dummy measurement are not fused but given
to the update step.

Note that this association can be interpreted as a gating
step, identifying contacts which have been generated by a
state in the intensity. Moreover the extraction of a range rate
measurement leads to a clearer assignment of state to contacts
in the update step and hence to a reduced number of updated
components in the intensity.

IV. IMPLEMENTATION ISSUES

A. GMPHD Filter Implementation

In a Gaussian mixture implementation of the PHD filter
the intensity is formulated as a sum of Gaussian mixtures
which represent the state of targets and their weight. This
implementation requires merging and pruning schemes to limit
the number of Gaussian mixture components in the intensity.
Moreover a track management is needed to display the tracks
estimated by the algorithm. For both, intensity- and track man-
agement, we use the routines described in [21]. Furthermore
we use a rectangular gating [22] to decrease the number of
contacts which are used for updating the predicted intensity.

GMPHD filter

zFM+
k

zFM−
k

Dk|k−1 (x)

D+
k (x)

D±
k (x)

Tracks

(a) Sequential Update within the GMPHD filter: The intensity
is updated twice.

GMPHD filter

zFM+
k

zFM−
k

Dk|k−1 (x)

D+
k (x)

D−
k (x)

Tracks

(b) Track to Track Fusion: Two GMPHD filters run simulta-
neously.

GMPHD filter

Dk|k−1 (x)

zFM+
k

zFM−
k

NGLLR

zFM×
k

Dk (x)

Tracks

(c) Fusion after prediction of the GMPHD filter. The filter is
updated with fused HFM× contacts.

Fig. 2: Tracking techniques applied for one sensor which receives
two sets of measurements Z

FM+ and Z
FM−.



Parameter Description

Jmax = 150 Maximal allowed number of components after update

PD = 0.8 Probability of detection

wp = 1e−5 Threshold for pruning components

dg =
√
9.2 Threshold for gating of components

q = 0.25 Process noise parameter within the Kalman filters

κk = 1e−5 Intensity of the clutter (uniform)

TABLE I: Parameters for the GMPHD filter

Table I shows additional parameters within the GMPHD filter.
Due to the formulation of the PHD filter in a Gaussian mixture
form it turns out that the prediction and update step of the
components means and covariances are Kalman predictions
and Kalman updates. Because of the non-linear behavior of
states x and measurements z we use an Unscented Kalman
Filter (UKF) for prediction and update of the components. As
shown in Section II the Doppler-shift of a waveform reflected
by a target results in a time delay of the TDoA. This property
is used for a Doppler correction in the Kalman filter update.

B. T2TF Implementation

In the T2TF a central unit carries out a statistical test
whether the tracks of different sensors belong to the same
target. Our implementation via track lists contains a track
extraction if the distance of two or more tracks is lower than
dT2T = 5, a track update of existing tracks, and a track
deletion if the number of tracks in a track list reduces to 0
or 1 for more than one ping.

V. TRACKING SIMULATIONS AND RESULTS

The results are created performing Monte Carlo runs using
the multistatic sonar simulator of the University of Connecti-
cut. The simulator includes a clutter measurement generator
and a target measurement generator and can be used with any
transmitter-receiver combinations. The target measurements
follow the non-linear model

zk = hk (xk) + vk, (15)

where hk (·) is the non-linear measurement matrix and
vk is additive white Gaussian noise with standard deviation
σv = [σt, σϕ]

T
. In all scenarios the transmitter operates with

a ping period of 60 seconds. The simulator does not provide
the generation of HFM+ or HFM- contacts directly, so the
HFM× contacts of the simulator output can be recalculated to
HFM+ and HFM- contacts as follows. Assuming a HFM× con-

tact in form zFM×
k = (τk, ϕk, ṙk)

T
then the time delay and

azimuth of the HFM+ and HFM- contact follow with (2) to

τ+k = τ×k −
2υ×k f

+
2 T

+

cα
(

f+
2 − f+

1

) (16)

τ−k = τ×k +
2υ×k f

−
2 T

−

cα
(

f−
2 − f−

1

) (17)

ϕ+
k = ϕ−

k = ϕ×
k . (18)

Note that the fraction in (16) and (17) represents the time
delay of a reflection caused by the range rate of the object. For
this calculation we made the assumption that the HFM+ pulse

is transmitted first within the frequencies f+
1 = 1250Hz and

f+
2 = 1550Hz and the HFM- pulse is transmitted afterwards

within the frequencies f−
1 = 1950Hz and f−

2 = 1650Hz. The
pulse duration T+ (resp. T−) is assumed to be half the ping
duration T defined in the scenario. The propagation speed of
the sound c is set in all simulations to 1500 m

s .
For the benchmark of the results we use track performance
metrics which were developed for comparability of tracking
results within the MSTWG. We use the track probability of
detection (TPD), track-localization error (TLE), false track rate
(FTR), number of false tracks (NFT) and the mean length of
false tracks (KFT). For details about the calculation of the
metrics the reader is referred to [11]. Moreover we calculate
a mean velocity localization error (MVLE), calculated by

MVLE =
1

NTT

·
NTT
∑

n=1

MVLEn (19)

MVLEn =

(
∣

∣

∣

∣

∣

∣

∣

∣

∣

∣

[

ẋ

ẏ

]

−

[

ẋn
ẏn

]
∣

∣

∣

∣

∣

∣

∣

∣

∣

∣

)

[m

s

]

, (20)

where [ẋ, ẏ]
T

is the velocity of a track and [ẋn, ẏn]
T

is
the corresponding true target velocity and NTT is the number
of true targets. Furthermore we calculate the percent correct
associations (PCA) in the fusion after prediction as

PCA = 100 ·
NCA

NC

, (21)

where NCA is the number of correct associations and NC

is the number of target contacts.

A. Simulation Setup

In Scenario 1 (Fig. 3) three targets are simulated in the
FoV of two receivers and one transmitter. The three targets
move well separated with different velocities: υT1 ≈ 6 m

s ,
υT2 ≈ 11 m

s , υT3 ≈ 16 m
s .

The aim of Scenario 1 is to analyze the impact of the loss
of coherence in the signal form which can lead to false
associations in fusion steps. For this purpose the loss of
coherence in the signal form is simulated in the recalculation
step of the HFM+ and HFM- contacts. We simplify the loss of
coherence to joint probabilities

p(z+i,k ∈ Z+
k , z

−
i,k ∈ Z−

k ) = p+d · p−d
p(z+i,k /∈ Z+

k , z
−
i,k ∈ Z−

k ) = (1− p+d ) · p
−
d

p(z+i,k ∈ Z+
k , z

−
i,k /∈ Z−

k ) = p+d · (1 − p−d )

p(z+i,k /∈ Z+
k , z

−
i,k /∈ Z−

k ) = (1− p+d ) · (1− p−d ),

where p+D and p−D denote the probability of detection of
HFM+ and HFM- reflections, respectively. For each contact i
it is decided randomly which of the joint probabilities is true.
For the loss of coherence to be interpreted correctly we make
sure that the contacts of the targets are a member of the contact
sets in each ping. The contacts of the target are simulated with
σt = 0.01 s, σϕ = 5◦.

The second scenario used in this paper is the Baseline
Scenario described in [10] and includes as single target moving
in a straight line in front of a source and a receiver. While
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the source works also as a receiver, the scenario holds a
multistatic setup which is shown in Figure 4. The SNR of
the clutter is Rayleigh distributed with a detection threshold
of 2 dB, whereby a high number of contacts must be processed
in the tracking algorithm to have the possibility of detecting
the target. The contacts of the target are generated with
additive white Gaussian noise with σt = 0.1 s, σϕ = 5◦.
We simulated the second scenario in two setups, using the
strongest NC = 200 (Setup 2-1) and NC = 300 (Setup 2-2)
contacts.
In Scenario 3 (Fig. 5, based on the Switching Targets Scenario

from [10]) two targets with the same velocity are simulated in
the FoV of three receivers and one transmitter. The two targets
approach each other, then pass off paralleled with a distance of
approx. 400m for a period and then separate. In this scenario
the impact of false associations in the FAP step is analyzed in
a multitarget scenario. The contacts of the targets are generated
in Setup 3-1 with σt = 0.02 s, σϕ = 5◦ and in Setup 3-2 with
σt = 0.05 s, σϕ = 5◦.

B. Tracking results

At first, we perform 20 Monte Carlo runs on Scenario 1
for each p+D = p−D = pD taking values between 0.5 and 1
with a step size of 0.05 and NC = 20 being the number of
contacts for each receiver. Fig. 6a-6c show the TPD of the
three targets for the three fusion techniques, Table II shows
track performance metrics for Scenario 1 for PD = 0.8.

Obviously, the TPD increases proportionally with the simu-
lated PD for all techniques and velocities. Its also mentionable
that the TPD with the FAP takes the highest values for all
velocities. One reason is the lower MVLE in estimating the
velocities of the targets as shown in Figure 7a-7c. Especially
for the fast target the FAP shows the lowest MVLE of the
velocity which leads to more precise states after the prediction.
The SUP suffers from decreasing weights in the intensity, when
a contact is missing and therefore looses a track faster.
Figure 8 shows the number of correct associations depending
on the number of false contacts and the measurement noise of
the target contacts exemplary for PD = 0.8. It is shown, that
the velocity of the target does not impact the FAP step, the
correct associations decrease slightly with a higher velocity of
a target. In this rather easy scenario (low clutter with uniform
pdf of false contacts) the association process is not affected
by a higher number of contacts.
Table II shows track metrics for both setups in Scenario 2. Due
to the SNR distribution of the clutter many contacts have to
be processed with the result that the FTR is increasing for all
techniques. The fewest number of false tracks is found with
the FAP technique, although the KFT is higher compared to
the SUP. As in the first scenario the FAP shows the best results
in TPD and MVLE.
Scenario 3 was simulated to test the FAP within a multitar-
get scenario. We performed 20 Monte Carlo runs for each
p+D = p−D = pD taking values between 0.5 and 1 with a step
size of 0.05 for both setups. Tab. II shows track metrics for
both setups and Fig. 9 shows the mean number of Gaussian

Scenario Technique TPD FTR (·103) KFT MVLE MTLE

1

FAP 0.92 1.21 7.25 1.94 220.92

SUP 0.84 0.51 3.99 1.99 146.71

T2T 0.74 0.11 6.00 2.39 582.66

2-1

FAP 0.72 36.32 12.04 4.66 577.15

SUP 0.46 145.90 2.78 8.46 805.57

T2T 0.30 56.59 27.69 10.02 1193.71

2-2

FAP 0.72 42.09 12.82 5.05 700.70

SUP 0.47 180.86 2.65 8.14 882.41

T2T 0.29 69.77 26.63 8.37 1204.69

3-1

FAP 0.68 5.92 7.82 2.37 330.18

SUP 0.59 5.96 4.83 2.89 319.25

T2T 0.39 2.42 29.52 2.33 622.13

3-2

FAP 0.62 5.23 7.85 2.51 369.71

SU 0.50 4.94 4.57 2.68 315.86

T2T 0.34 2.12 29.54 2.19 671.49

TABLE II: Tracking performance metrics for the three scenarios. For
scenarios 1, 3-1 and 3-2 the results for PD = 0.8 are listed.
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Fig. 6: TPD depending on the fusion architecture and the velocity of the target for Scenario 1. FAP (magenta, diamond), SUP (red, circles),
T2TF (green, stars)
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Fig. 7: MVLE depending on the fusion architecture and the velocity of the target for Scenario 1. FAP (magenta, diamond), SUP (red, circles),
T2TF (green, stars)

components in the intensity over all pings and for both setups.
Obviously the number of components is decreasing when using
the FAP in the PHD filter. Due to the additional range rate in
the fused contacts after the FAP step the measurement vector
gets a higher dimension and hence the condition for updating
a predicted state is more stringent. This leads to less states
propagated in the update step. Fig. 10 shows the PCA for
both setups and the distance of the targets.
The FAP is able to handle the loss of coherence as long as the
distance between the targets is larger than 2 km. Accordingly
the PCA is decreasing while the targets run parallel between
pings 20 and 40.

VI. CONCLUSION & FUTURE WORK

In this paper, we took a closer look at the tracking
performance loss due to false associations in the contact fusion
of HFM+ and HFM- contacts. We found that a robust contact
fusion can be implemented as a fusion after prediction (FAP)
after the prediction of the GMPHD filter which leads to a
range rate prediction of the contacts. We applied the FAP on
simulated multistatic scenarios and compared the results with
well known standard fusion techniques, namely track to track
fusion (T2TF) and a sequential update (SUP) in the GMPHD
filter.
Tracking performance loss can be observed especially for fast
targets. The TPD of all fusion techniques is decreasing when
the loss of coherence is increasing. Most of all fast moving

targets are detected worse and cannot be detected by using
the SUP or T2TF. The FAP shows the best performance also
for the fast moving targets. A reason for this is the explicit
incorporation of a range rate for the contacts and, hence, an
improved prediction of the target states. Moreover the fusion
after prediction reduces the number of Gaussian components
in the GMPHD filter.
Although the FAP performs well compared to the standard
methods (SUP, T2TF) in general, in a multitarget scenario
of two closely operating targets it performance drops down
when the targets are getting too close. Further research should
address this by an implementation of a multitarget association
like a Multidimensional Assignment (MDA) for these cases
of targets operating in close vicinity. Another direction of
further research could be to extend the tracking algorithm to
the Gaussian mixture Cardinalized PHD (GMCPHD) filter and
to include a fusion architecture similar to FAP.
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